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Abstract: Objective Synthetic Aperture Radar (SAR) and optical remote sensing represent two complementary Earth
observation modalities. SAR imagery, thanks to its active imaging mechanism, enables all-weather, all-day observation,
while optical imagery provides higher spatial resolution alongside more intuitive visual details. Cross-modal translation
between SAR and optical images not only supplements missing data in either modality but also enhances downstream appli=
cations such as image matching and semantic segmentation through multi-modal information fusion. However, current
methods encounter notable challenges. Approaches based on cycle-consistent generative adversarial networks (CycleGAN)
predominantly emphasize macroscopic structural reconstruction and inadequately exploit deep semantic correlations across
source and target domains. More critically, traditional contrastive learning techniques face inherent limitations in remote
sensing due to the high spatial autocorrelation of similar land-cover features, which blurs the distinction between positive
and negative samples, causing the contrastive mechanism to fail. This paper addresses these challenges by proposing a
semantic-guided contrastive learning method for SAR and optical image translation, which effectively mitigates feature
homogenization in remote sensing image translation and significantly improves semantic fidelity as well as downstream task
performance. Methods The proposed framework comprises three core components: (1) a semantic feature extraction mod-
ule, (2) a semantic-guided contrastive learning module, and (3) a joint optimization scheme combining cyclic generation
and contrastive learning. Initially, this approach employs pre-trained SAR and optical semantic segmentation models (Dee-
pLabV3) to extract pixel-level semantic features from both real and reconstructed images. Subsequently, the semantic-
guided contrastive learning module implements a class-consistency-based positive-negative sample selection strategy: for
each query patch in the generated image, patches sharing the same semantic class in the real image serve as positive
samples, while those from differing classes are treated as negatives. This strategy effectively mitigates the feature homogeni-
zation problem that challenges traditional contrastive learning in remote sensing contexts. Contrastive loss is computed
within a shared feature space projected by a lightweight perceptron. Finally, the joint optimization framework integrates
cyclic consistency losses at pixel and semantic levels with adversarial losses. The cyclic semantic segmentation loss
enforces consistency in structure, texture, and semantics between generated and real images, while adversarial losses
enhance image realism. The overall loss function balances these components via weighted hyperparameters. Results Com-
prehensive experiments on two public datasets—WHU-OPT-SAR and DDHRNet—evaluate the proposed method against
state-of-the-art approaches, including CycleGAN, contrastive unpaired translation (CUT) , query-selected attention ((QS-
Attn), and conditional diffusion (Con-Diffusion), across image translation quality and downstream tasks. Regarding image
translation, our method consistently achieves superior performance. On WHU-OPT-SAR, SAR-to-optical translation
yielded a peak signal-to-noise ratio (PSNR) improvement of 11. 9% and a mean absolute error (MAE) reduction of 31. 1%
over the second-best method; optical-to-SAR translation achieved gains of 3. 8% in PSNR, 5. 6% in structural similarity
index measure (SSIM), and a 5. 2% reduction in MAE. On DDHRNet, our method sustained leading performance across
diverse geographical contexts. For downstream tasks, semantic segmentation and feature matching results confirm marked
gains. Semantic segmentation pixel accuracy improved by 16. 29% for optical image generation and 10. 19% for SAR image
generation on WHU-OPT-SAR, outperforming all baselines. For feature matching tasks, the inlier ratio (IR) and euclid-
ean distance—based inlier ratio (IR-ED) improved by up to 1% and 0. 49%, respectively. Qualitative comparisons reveal
superior visual quality with enhanced detail preservation and grayscale consistency. Ablation studies demonstrate the
necessity of each component: removal of the semantic-guided contrastive learning module caused a 10. 75% drop in pixel
accuracy for optical images, while omitting the cyclic semantic segmentation loss reduced PSNR by 7. 0% in optical-to-
SAR translation. These findings validate the critical role of our innovations in overcoming remote sensing translation chal-
lenges. Conclusion The proposed semantic-guided contrastive learning method for SAR and optical image translation,
which effectively addresses the prevalent issue of feature homogenization in remote sensing image translation. By integrat-
ing semantic segmentation guidance with contrastive learning within a cyclic generative framework , our method substan-
tially enhances the semantic fidelity and downstream utility of generated images, offering a novel solution for unsupervised
SAR and optical image translation. Extensive experiments demonstrate that this approach provides a robust and effective
solution for unpaired SAR-optical image translation with notable advantages in semantic consistency and cross-modal fea-

ture alignment. Our main contributions include: 1) identifying the feature homogenization problem inherent in traditional
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contrastive learning for remote sensing translation; 2) proposing a novel semantic-guided contrastive learning framework

with category-consistent sample selection; and 3) developing a unified architecture combining cyclic generation and con-

trastive learning. Future work will explore self-supervised semantic guidance to improve applicability in scenarios lacking

semantic annotations, thereby enhancing generalizability and robustness across diverse remote sensing applications. Our

codes are available athttps : //www. scidb. en/s/VVVBnu.
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Fig. 1 Schematic diagram of traditional contrastive learning

and semantic-guided contrastive learning
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Fig.2  Architecture diagram of the method proposed in this article
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Hor, PG G 48 o i D Al R FH 06 {815 42 1L (peak
signal-to-noise ratio, PSNR) £ #4 A (L) 14 45 45 (struc-
tural similarity index measure, SSIM) DA & 33 4 X}
1% 7% (mean absolute error, MAE)VE R ITAL 545

U 55 PEAG A 45 1 U315 R VL FC R T AT
%5 o AETR SUOrEUE 55 A SCR JHTE T SCRAIE S X
BEHRER X SAR RO EIR 35 2k Y DeepLabV 3
B (SARSeg il OPTSeg) , X e e i 4 [ 18 kA T i
S8, IF A 8 3 M 2 (pixel accuracy, PA)
(Badrinarayanan &E 2017) X4 E 4t Bt TPl .

TERHEVERCAT: 55 0, (I E B 46 E I 250
FRAEDE AR (Yagmur 85, 2024) #EATRRE S $2 0L S
RV HC , I 45 AL DT E SR 5 R IBURAE B L
{i (putative matches ratio, PMR) 1 N 2 — /N1 48
bro BR 5 F BEHLIHAE — 2 (random sample consen-
sus, RANSAC) 516 i % HH 1E A DT C A5, DA IE A DT D
SRR R DCE SRR B9 L] Ginlier ratio, TR) RN
5 VP TR AR . AL, i TS B 4R P Y SAR
5o2E R Sy PR e, AT i AR DE PR AR A
F14) D B 2 4 ) A DR T i, 4 BRI FE B /N T
3R R B VL AC 5 O BRI B IE i DL IC , -4
A SR LG 2 R 1Y U A (inlier ratio of euclid-
ean distance , IR-ED)/E A58 = AN FE R
2.4 XfLERIGFNS AT
2.4.1 ERILREARG0Hr

AN X A 2T AR BB A6 o ) T )
JE T SR A R AT T A3 A, 1 T PR A R AT
SRR

% 77 ¥ 7€ WHU-OPT-SAR FI DDHRNet 31 ¥ 4
A SAR 50 AR 5 RS e 4 AT 55 14 PR o
FE I A R ANFR 1 MR 2 PR .

TEMANBHRAE A5 35 CyeleGAN 1E SAR
G AR AE RO 27 3 SAR BIR A= By BLTa] A
g5, 4 e B AR AL T At % b ik ) PR AR BT
PRI 5 A GE i PG A B e PP 8 o, ik
TR A )7 VA TE SAR 5O IR 1Y IS B A i
L 5 SRR R B AR R A S (I PSNR
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MAE) F1Z5 # A0 UM (40 SSIM) o AHEEZ R, 36 %
Fo 2% 3 7 ¥ CUT T QS-Attn 76 BUE A 5 = TAY
BRI RIS T CycleGAN FIA L7k o AN, 2R

FHA 1) 28 PR B I EHL) QS-Atn J7 VA AH LI ER 7
: CUT, 7€ SAR 52 IR L4041 55 hOf R R I
BERHE METY HE A Con-Diffusion J7 & 7E
PR 1 0 MG AR BT S 2P A 48 A 35 55 F 3L
M7 v , W9 BB AR SAR 50027 UG RE AT 55
() EAG BT H VPAR  TAS B AR

RTINS , 76 WHU-OPT-SAR 048 4 I 1% SAR
6 BB A AT 55 H, A8 SO 2578 PSNR AT MAE
(L RUE R A S B B & /i 1A 1 K RV W RS
CycleGAN F1 CUT, PSNR $2 F- T 2. 2464 (11.9%) ,
MAE (BT ) FEAE T 0. 0345(31. 1%) ; 1 £ SSIM
FeFR b A7 B85 CycleGAN B 0. 045 (10. 6%) o
FEE2A U B SAR BMG A= AT 55 b, AR SO IR AE T
A IR TR I e A L IS R LR AR
WAL 77 ¥ 7E PSNR F1-SSIM 43 51l 32 7+ 1 0.4771
(3.8%) A1 0.003 (5.6%) , ££ MAE [% ik T 0. 0094
(5.2%)

T DDHRNet £l 4 [, A SO 5 7E SAR 2D
B AE AT 55 9 =35 RS 5 1 37 48 4% (PSNR
SSIM . MAE) | ¥ i e O 2 B0, A3 T I O
CycleGAN, PSNR #2F+ T.0. 2524 (1. 6%) , SSIM $2 7
T 0.0216(8.9%) , MAEF#MIE T 0. 0071(5. 5%) s #&
1M, 75627 31 SAR R A AT 55 T, CycleGAN 76 =
e bn bR MR, A SO iR g s B ALK
e, X EM L TE CycleGAN JEA 5 ATE X 51 S 1%}
o2 2L, £ DDHRNet $04 £ 1 A8 5 SAR [E1Z
FEVEMG T 1t 77 T AR ™ AR TR A RCR

3R T 4257 e WHU-OPT-SAR %4l 5
I, EG R AE J AR T SO ) (PA) FRR AIE D L
(PMR IR F1IE-ED) WA R R AR 55 S0 45 0 . A
SCHE R A RO £E 0 A UG G 44T 55 AR
BT RREER . BRI S, A SOkt EG A
55 SAR FUGAE B 18 43 B 45 543 0] F AR 7
24 0 B 16.29% A1 10. 19%.  CycleGAN 7
WHU-OPT-SAR 54 45 I Y Y624 AT 55 v o s
WSS AR =S h R . X%k
B, 356 00 B8 A O v 161 o5 R AT 55 )
P AR (EA5 3R L TP B ALY Con-
Diffusion Jy 751 43 HIE 55 IF RARHAE S 5

VAL IR RE R B B 4 B, B A SAR AR A
1G0T X oy 45 F AR PR 3T X s 2T
ke

TEFFAE VL HC T AT 55 v, i 78 MR AL Bt
PP I 5 55 1Y Con-Diffusion 7, 7E PMR 3545
AR T R R as R . X R A HAE R A
BEGALE 5 LG ROR 2208 B AR Fy
TEGARARLEE |- e B Ao, DT s AR B A 59. 87%
FRIE S5 RBAS A4 ORLVC L o 361X b > 19 7 ik TR B
B T 55 W RRAE DL R 25 5 - CUT J7 i BL7E PMR %5
B I Lt Con-Diffusion 77 1% BEAIK 1. 78% , {H H kG DT ic
Lt 5] Lt Con-Diffusion J7 7% i 2. 73% (IR) 1 0. 49%
(IR-ED) . 5 ZAHXT, 78 B A 5T & 3P4 b 3R 1
519 CycleGAN, ZE4FAF VE fic 3256 op R Bl 22, (X
A 12% B9 AE &5 T VE L U D, B 7F X SE R DE fid
i AU 2% (TR) F10. 2% (IR-ED) B4 AE 5 fE %38 1
RANSAC J7 1 FIRK [GHR 25 07 e A AS VE L . ASCOT
LTE PMR $845 LHUS T RARZE R I AEAS VLR sh 34
WA TR R, RIAA SO A 35 & T Cycle-
GAN ) EIE A= i it & 5 CUT 19 5 1iF A8 A% i &
g
2.4.2 EVEEIEIR S50

AN T SN TR I RS SR B A T
PRSI, B J5 X6 U1 S AT 55 FIRRAIE DT BC AF-55
BB HEAT AT . BT E P BT ¥ 56 F WHU-
OPT-SAR HHE S Y B e TT .

Kl 4(a) Fil(b) 53 5 7R T 78 WHU-OPT-SAR %k
P 4E b, & 07 B 7E SAR BOE2F B G AL 2= S 3
SAR L AT 55 v i) 4 21 A il SR, Hovp 2 i 5 — 4]
O30 h BB SAR A= MR . UG A 4 245 SR i
— L EIE T H— /N0 i S i 458 : MR R KA
QI 25 TR F |, 3L PG4 i 777 (CycleGAN
FASCIT V) WA SR T 2T X0 bl 20 i O vk
(CUT F1 QS-Attn) DA J2 JE T4 #8588 9 J7 15 (Con-
Diffusion) o

HAKRTF , Con-Diffusion A= Ji% i) RIE TE1R & 2%
SRS B 3 2 R LR AR R
e SAR EI5 7 1, HoA= l SAR EIMG 1 JK A 5 HL5k
SAR EURAFAE I A 25 . Bilan, 72 4(b) B 5 — Al
9 AT AR B SAR MR AE 45 SR, Con-Diffusion
A= Y SAR MG R S B (A i, T .52 SAR &
R LK A8 3 . CUT A1 QS-Atn J5 52 B AY
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Table 1 Quantitative experimental results of image translation using various methods on the WHU-OPT-SAR dataset

SAR—OPT OPT—SAR
Tk PSNRT SSIMT MAE] PSNRT SSIMT MAE]
CycleGAN(Zhu 45 ,2017) 18.8835 0.4243 0.1135 12.4394 0.0532 0.1799
CUT(Park 4 ,2020) 18.5940 0.3599 0.1110 11.7418 0.0416 0.1933
QS—Attn(Hu %5 ,2022) 18.4340 0.3682 0.1125 11.7803 0.0414 0.1925
—Diffusion(Bai 2§
Con-Diffusion(Bai % 14.9459 0.2455 0.1922 8.1529 0.0208 0.3306
2023)
ARSI 21.1299 0.3793 0.0765 12.9165 0.0562 0.1705

T ML A A B AL, T RN TR AR s 17 FR BB AT, V"R U /N

&2 HFEFEDDHRNet MR FHITEBGHIRNEEIRER

Table 2 Quantitative experimental results of image translation using various methods on the DDHRNet dataset

SAR—OPT OPT—SAR
Wik PSNRT SSIMT MAE] PSNRT SSIMT MAE]
CycleGAN(Zhu 45 ,2017) 16.2501 0.2423 0.1285 11.8008 0.0998 0.1981
CUT(Park % ,2020) 15.3855 0.2222 0.1358 11.5565 0.0914 0:2039
QS—Attn(Hu %5 ,2022) 15.4356 0.2251 0.1346 11.6227 0.0906 0.2021
—Diffusion(Bai 4§
Con-Diffusion(Bai % 10.1888 0.1218 0.2935 9.8624 0.0814 0.2595
2023)
ARSI 16.5025 0.2639 0.1214 11.5337 0.0837 0.2025

T IR AR B9 B DAL, R M TR R A 5 17 R BB AT, V" 3 7m BUE /)

F3 FBFEEWHU-OPT-SAR IR ERIE X 2 2 A0 E L EL LI 45 R

Table 3 Experimental results of semantic segmentation and feature matching for various methods on the WHU-OPT-SAR

dataset
. PA(SAR-> PA(OPT->

] PMR IR IR-ED
ik orT)! SAR)! f f f

CycleGAN(Zhu %5,2017) 0.4709 0.4042 0.1200 0.0206 0.0020
CUT(Park 4 ,2020) 0.3728 0.4367 0.5809 0.3172 0.1350

QS—Atn(Hu %5 ,2022) 0.3601 0.4410 0.5086 0.3137 0.0775
Con-Diffusion(Bai %5 ,2023) 0.4202 0.4576 0.5987 0.2899 0.1301

E N WIS 0.4961 0.5061 0.5886 0.3271 0.1390

T L P MO B S e LR, T P ORI 5 17 2 BB T

KI5 8 AR B f 08 T Con-Diffusion, fH7E SAR #DG% REOHSHFH AT A A RECH M . MLz
PG AT 55 v A XIS AF e BN 4 . it , N, AR SO S CyeleGAN 7612 X I8 A Y MR 4015
FEE 4(a) S POAT SAR B2 R AE LR Bilrh , TR WA, A SO b RS e 5 7L E&
CUT Fl1 QS-Attn J7 75 £ BRI G2 EUE 2B ar s BORE—SorJy i, 835 00 FH Ao e . i,
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SAR A3 Jj:  Cycle

(a) SARFEHA G EUR M SEEACR (b) 2R SAR BRI SE R 8UR
((a) SAR-to-optical image translation results; (b) Optical-to-SAR image translation results)
K4 #7576 WHU-OPT-SAR i 5 L5 sl R
Fig. 4 Qualitative comparison of different methods on the WHU-OPT-SAR dataset

TEPE 4 (155 — FN 55 =17 SAR B a2 G AE iU B
WA SO IR A DG RHR S SRR A K |
A B — Bt iR Ty 12 AR R PR B AR
(R LSRR D i

&5 (a) F1(b) 23 50l 78 1 4 7 B 7R & 4 (a) A
(b) Az i 4 41 ARG W Y SCor F 45251, o,
Fe il AR L2 G 3 SO IR, LA R 3 )
7 OPTSeg il SARSeg X} ELAL MG I i EI L5 . S
A — B TR U EI R AR
H I ELE T U B RS TP R I BT H
bk

BRI AEE 5 (a) JT 7 19 4 oG 2 R 0 1
SOy EIEE R BT R A 2] 107 2 FP AU QS-Atn
Ji AL AT A U AR FARRE , DL K CUT J5 R 7E
ST P A U AR Oy & A ARAIE S S R —
AT HE SO AR SRR RO G . HAE
657 IR AE OPTSeg 73 #1 4% T BRI 5 L #8053
2R LA R o BIAR B 22 S B W% . N, CUT
JIIEAE VUL EAR A 8 B AR D A AR A B 9k
T EARAR s QS-Attn J7 ¥ PR 2 — V28 = 55 047
(84 B K AR IR AR 1R BRbR, S B0 Lo %) )
KREARE R, HILZT 5 TP BB B A Con-
Diffusion F13& T ¥5 AE WY CycleGAN A= il s8R
WO, JCHAEEE = A7 b, DI O AR U AR L RRE S
HEB R —5 ., SR, CycleGAN Fil Con-
Diffusion 75 55 —47 i 73 JiPKe A FURFAE AR SCA 2R AR AN
WTT, H Con-Diffusion 7 5% PUAT o A B Y Ot 2 KR

RO ST bR, S O R R o E AR . S
XF AR SO VA AR VU 2 D R A B B RRAE 5 L5
UG 3 . A AR5 DUAT i o3 51 45 R A
M A2 A o SO X E 22 T 25 I
T BRFIE S 5 2%, B OPTSeg 70 E 404 K A4k
M5 2 R gl A0 i .

K6 /R T SAR UG a4 202 MR s 5 5L
BRI FRHE DT B AT AL 25 3, o 1245 R 5 Tk 45
Mri &5t & o HARIN 5 L CycleGAN BARTEIR R
ey MG i 4 1 U T AT AR SRR (HFEAFAE
VERBCAE 55 rh R IAE 22 2P A 2 5 b A
— XS T AERUCEL . 5 22 I8 BOR H B 2, Con-
Diffusion J5 % , A8 H MG i 48 Jow e AH B4R, Z07E
FRAEDCHC 1 RIS 0, AR Bl R DG e % £ (18] v
SO SL AL EARD T AR kTR EIRZ .
T G2 2 BY CUT B QS-Atin 7 5, B SKHL DG fi
SR 5 X (B AN e, (B G TR DR S (I gk T
SO L o ARSI R AR A R
AARAS T 85t T LAY HEL DE e Xt TR Ak R T 4 i
TERRVCHC L . 25 b A SO AR R R P EHR A
SRREHUCE AN E S5 b YR s 2
PEfE .

2.5 HEESEIE

AR T AR TR T AE O R £,
MY EELRAEAY , F BT 8 PR — Bk 4 B X
PR L, T SCRRAE P& OB Je ol U E R £,
FE S5 | SRR A I B RO AR L0 R
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JCFEE hR% R A7k Cycle cuT

GBS Z?EEI

QS-Attn Dlﬁusmn

iﬁJifh‘ ZH

FR% JRE ATiE Cycle CcuT

7J<12k %%Hi B ﬁm

(a) SAR AR B2 REUE A FIBCR (b) Jeoa R B SAR J5 #4973 FIOCR
((a) Segmentation results after SAR-to-optical image translation; (b) Segmentation results after optical-to-SAR image translation)

B5 4 57E WHU-OPT-SAR d 8 5305 19 2 B 5UR

Fig.5 Segmentation results of different methods after image translation on the WHU-OPT-SAR dataset

Con-
Diffusion

B RIZL (A2 B A 13278 RANSAC U 1 1E 5 DG iC R 15
NS
K6 4% ikAE WHU-OPT-SAR Hids 4 i1 fit il 5t
Fig. 6 Registration performance of various methods on the
WHU-OPT-SAR dataset

Lgan
Lseg
Lsc

Leye

[ 1]

50
R
7 PR TT A R R AR S R b AR A th £k
Fig. 7 Training loss curves of the proposed method

5 U5 R 1 A5 R0 B LA % bR BSOS A RE 14 ik
S BTk, 7F WHU-OPT-SAR B 4E 31 7% 45|

A IR BRI RSB o 325 S DA G A 4 o
TN R Sy B R T G R DTG AR R R PR
T 4R T AR R A T 1302

S A5 R F W AR A B Lk B
T8 = AR AR, SAR 5627 MG 145 e i
W, BRI TR ARK . 7RI IR 51 A
PEIR—BER £, J5 (RISE[R] T CycleGAN 2k A5
R SR (R 25 K PR R RE 7 0 3 i, SAR 2L i
() PSNR 2 T % 18. 2425, ¥) 45 52 91 T 3 A 245
L

R T BE TR U B 5 IR A R AR T
FEFELRAR A 10 E N T AS R 6 i SCRH DG AR T
YRINIE SR (L4 L, L. 5 BERIAE T i
ﬁ%ﬂ&%tﬁﬂﬁ%@ﬂtmm&ﬂo LML, SAR %
JGAE 1 PA 8 AR THE 0. 4480, F W] i X018 L LR
RBA &8 5 A AR Ik A s 13 U0 R b
W SUBOR . R BSIETE 5| S X) s T3k £, 1A
ROE BB TR IR UG CUT J5 i rpoxt Fe ik
L. W58, STEEE SRR, 1 AL G Xt L 27 > 6
R(L 4L, +L,.) BRI —E R FRF T BB
BT EAE T AR5 10 PA 645 (0. 3848) | B A%
T FH I SCXFECAR R (£, + L, 4L ) BUS Y PA $ 45
(0.4923) ., KHIE T 18 X515 50 38 1o 2 50— BhE i
TEIE SAREAS , B BEORS v S BURRAE X 55

A SCHE ) S8 FE LR (L) £ PSNR |, SSIM
MAE 45 B it it 46 br b 3 U T 5 L 45 48 (PSNR
IKF)21.1299) , [AIE7E T Ui 53 FIAE 55 R4 T e
1% Z HERI 2 (PA 5 0. 4936) . RASAEG2# 5] SAR

11
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(4 S 1) e i b, 5B SC51 X R (L, + L+

ye

L) WRIAE PSNR EIEAT L, {5 58 BRI AL XL )
BEWRAT 55 R B T A M2 A PR BT, 55 0F 1
Al A8 P A A AR 5 g X LA 2 RE R A
BE

SR T SRAEAR SCHR S A P A AE B B S
7R T RIEBSEE T (1,=10,1,=0.5,4,=1,1,=
1, A=1) & TR fEI Gt Bt b i s Ak 4, I,
L. (STZ)WtaE i =, HREUI 2t 2 B REak H AR
JE R B a3, R WD 2 ] PEIE AR 1l — BOME 2 Tl
o L, (B £ (SR R B0 E TR,
FFAEZ 60 Epoch J5 WS 2 Fo g /K F-, Ui AR Y 1 Ty
= 3] AL T s RS E S —BOME RUERAE X SFRE T .
L. CIEZ) 78 3 AU 2 B b AR RE AR ARG B 11 X
], A HH T S s o KA 2R O e I 2% 1
JE I A7 1 B TRARE AR, 8 B AR B R 28 B Mg
P T Iff TARE o DA T A B R 4 e R 4l
S, SR AR SO R ER SR AE SR I SRS e 1k S
RARARE

[ B, A 30 UE AN [F] 38 SC A3 B RY | 4311451 AL
CINER ISR P E VG SN E W)
BRI , 7E WHU-OPT-SAR B4 b 04T 1 7% il
Sy, RSER T AROIESL T = R & HE U H
iR (Unet ,DeepLabV3 Segformer ) [ 7 f& 525 4521
HA PA (veal) /R AN B 5L SAR BOG# K4
(o EMG EMER R . SEER LS R, 7E B 52 SAR &
1§ b =AY 4 EVROR 25 T8 o Deep-
LabV3 RIEAN . A 3T DeepLabV3 £ K4
A TR AR U A B4 R YA B . AR
JHEFEUG L AR Segformer 5 fi 5545 7Y Unet
B EIRE BEAH 222 6. 68%. KT, 3T Segformer [
ARSI AAE R BT AT U 43 B 25 5 L
PR G s AT 1Y, 2E F IR DeepLabV3 1A SOy
:7E PSNR AR e o3 #1458 L. 25 F AN
3 BB RN R L8 AR SO A — g sg (B S 4y
FIRORIR B — 2 BUE S Iz T AR, Bk, %
PR 5 S ELH Y DeepLabV 3 581 g AR 307 4
PR LRI AR

%6 IR T ASIRIE Lo B R AR (4,) T E
HSLIEE R 7RG B SAR FEHAT 55 v, A ST vk
15 2,=1 B R B Fe A 25 5 PERE , HE PSNR \MAE F1
PA $E AR B1IA BN e, SSIM ARF-435 YA 7Kk F 5 4 it

f1%(0. 5) sl & (5) 32 FEAS TR bt PUAS [R] R JE
MR R 7 SAR DGR EAAT 55 vh , AR SO AR A=
1 IF 2 7% &% 1 PSNR Il MAE 55 S5 A8 5 B 9RE AT
I 2 BENS THCHR 1 SSIM AT PA, {HAR H /& PSNR
P07 R (M 21, 1299 [ % 19.9154) . N
FE R 54T 55 v U SR AR 1 MR RE I A | e 2081
ST EIRCEBE R 1,

2T EIR T ARNE LG X R ALE (45) T
()5 T SR 25 R . FEE2F B SAR FL 40 AT 55 vh #5881
1E As=1 B U AR M R A 1K (0. 5) 3l &5 (5)
Yo X PG A o B T Ui SR 55 1 e
A E . FF SAR B 2R T 55, A=1 B PSNR
(B B IR0 s AR SR 14 A, 23 236 SSIM AT PA L (EAR A
J&PSNR FIMAE 2358 2% A7 XL ) 4 AT 55 rh HUAS:
B A A 1 RE XA 5 A e 1, B 2Ok LB T H A
RAGERE N1,

T 2B UE TR S IR R RS 51X L
PURTEARFACE S T I i, B 8 R T
ANFEAE B E T AN YGRS R, S04,
FEO o SCo BRI SC5 T H A 2R AR AN [ 1Y)
P V8T YRR U AT U Rl SR, R B
P01 R AL S 4 5 T A AR G A A

P8 IR T il XL 5| X} b2 ) B A R[] %
BOR/NALE T B A R, MG H RN N
11 B, B B8 0 RIS AR 8 G o b 0 1% 1F
BEAS, T 7E 627 2 SAR F5 AT 45 1 HUfS T Hefl i)
B A 5T 55 0 Uy B BE , T 7E SAR BDlsi ik
BAT 55 EHUS T S (9 PSNR 5 MAE {5 5 A 1Y
PAH . Z45BIGIE T I1x1 B0 & AR, 4aE
Gexet b > A R L RS A S, A 9T B ¢
B BRI E Ry 1¢1

o
0

EXHBIRL

B3I SHLLRE

25

R Cmmen
P 2k AT R B~ F- - i AR B, B3 1R/ NRCE R 5
K8 it oI A SO X R AE A R B 8 T
R AL 2k
Fig. 8 Training curves of the semantic segmentation loss and
the semantic-guided contrastive loss under different weight set-

tings
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Table 4 Module ablation experiment results
SAR—OPT OPT—SAR
AR AL PSNRT S MAE] PAT PSNRT SSIiM? MAE] PAT
L. 17.4187 0.3579 0.1384 0.1165 11.4415 0.0214 0.2053 0.0645
L.tL,. 18.2425 0.3629 0.1185 0.2701 11.8556 0.0290 0.1931 0.3026
L, +L.+
[2 20.8765 0.3720 0.0806 0.4480 13.2284 0.0578 0.1658 0.4694
L, +L. .+
[2 o 20.5921 0.3704 0.0831 0.4923 12.0768 0.0401 0.1873 0.4373
L AL, +
o 19.2422 0.3679 0.1026 0.3848 12.0383 0.0440 0.1867 0.4128
L. 21.1299 0.3793 0.0765 0.4936 12.9165 0.0562 0.1705 0.5061
CE LA AR RS i A, T R TR s T RR BB OB, |7 SRR BB /NG
£5 FRASEERNEMIRER
Table 5 Ablation experiment results of different segmentation models
SAR—OPT OPT—SAR
I ENEA PSNRT  SSIMT  MAE|  PAT PA(real)] ~ PSNRT  SSIMT PAT PA(real)!
Unet(Ronneberger
s 2015) 20.6731 0.3523 0.0744 0.3474 0.6861 12.3943  0.0532 0.3774 0.7822
S
Segformer(Xie
s 2001) 19.5814  0.4463 0.0955 0.3991 0.7319 12.0282  0.0325 0.1892  0.3090 0.7853
s
DeepLabV3(Ch
o eg Of7) (Chen 1209 03793 00765 04936 0709 129165 00562 01705 05061  0.7868
=¥
CE IR A B R, T R T AR s 17 R B O, V7 R B /N
F6 ENHBWNEAHEMEWER
Table 6 Ablation results of the semantic segmentation weightA ,
SAR—OPT OPT—SAR
A, PSNRT SSIMT MAE] PAT PSNRT SSIMT MAE} PAT
0.5 20.4261 0.3891 0.0865 0.4861 12.1582 0.0463 0.1857 0.3373
1 21.1299 0.3793 0.0765 0.4936 12.9165 0.0562 0.1705 0.5061
2 19.9154 0.4032 0.0891 0.5110 12.7364 0.0565 0.1732 0.3782
5 19.7951 0.4009 0.0820 0.4767 12.6271 0.0544 0.1720 0.3783

T ML AN A AL, T R TR s 17 R B E BB, | s U /ML

3 &

AR T i Sy

%

H 5] FXT b 2E 2 B9 SAR

El DG R Tk Bt 1 RS IRER A S0 T

7 BB E DUAERESR A RO e T AR GEXT H

It

T R G e b A RHAE R B AR IR . 207 B0 T

HE T o3 H A2 — B IE SRR AR O e SR, 4
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Table 7 Ablation results of the semantic—guided contrastive loss weightA ;
SAR—OPT OPT—SAR
A PSNR?T SSIMT MAE/ PAT PSNR?T SSIMT MAE] PAT
0.5 21.0849 0.4098 0.0740 0.4332 12.2567 0.0508 0.1845 0.3837
1 21.1299 0.3793 0.0765 0.4936 12.9165 0.0562 0.1705 0.5061
2 20.2101 0.4239 0.0847 0.5206 12.1768 0.0399 0.1862 0.3095
5 21.0287 0.4176 0.0747 0.5124 11.9662 0.0387 0.1901 0.3232
T IR A B 9 e AEL, T R TR U s 17 F R BB M 4, | 2R BB N iR
x8 BEBRIRABX/NMHRIELER
Table 8 Ablation experiment results with different patch sizes
SAR—OPT OPT—SAR
PN . .
I PSNRT SSIM? MAE] PAT PSNRT SSIMT MAE| PAT
5%5 20.6379 0.4331 0.0785 0.5253 11.9701 0.0343 0.1909 0.3267
3x3 19.9700 0.4350 0.0880 0.4505 11.9540 0.0340 0.1911 0.2945
1x1 21.1299 0.3793 0.0765 0.4936 12.9165 0.0562 0.1705 0.5061

TR AN BRI R AL, T RN T A UL s 17 R BB AE | 2R B /N o

TSGR FaE ST B A SR T T B RS
FEAFEXT S5 AR P 5 R, 51 AME RS o Bk
YT A B EMR R 2k (BCHR S i S — Bk, AT
PETET AR BG5S . #E WHU-OPT-
SAR 1 DDHRNet A1 504l 45 1 ) 52 06 25 5 3
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T SCA3 EVR EMG S BE 55 R AT 55 TP e RE . SR,
ARSI A T O 2k B 18 XA EAS R R AL S 56
AR, SRR T TR e B Z 0 R R
EFH LA EIASE Y (ARG B 2 B 4250 ) e 28 T A 463K
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